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land	 catchment,	where	 a	well‐	proven	 ecohydrological	modeling	 enabled	 to	 predict	
long‐	term	discharges	at	each	sampling	site.	Both	trait	and	species	composition	showed	
significant	 correlations	 with	 hydrological,	 environmental,	 and	 spatial	 variables,	 and	
variation	partitioning	revealed	that	the	hydrological	and	local	environmental	variables	
outperformed	spatial	variables.	A	higher	variation	of	 trait	composition	 (57.0%)	than	




revealed	 the	 relative	 importance	 of	 hydrological	 variables	 in	 shaping	 pelagic	 algae	
community	and	their	spatial	patterns	of	beta	diversities,	emphasizing	the	need	to	in‐
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1  | INTRODUCTION
Although	rivers	cover	only	0.8%	of	the	landmasses	on	the	earth,	they	
contain	more	 than	6%	of	 global	 species	 and	are	 thus	 invaluable	 for	
biodiversity	and	ecosystem	services	(Altermatt,	Seymour,	&	Martinez,	
2013).	They	also	act	as	conveyor	belts	of	biodiversity	information	by	





















Townsend,	 &	 Matthaei,	 2011),	 pH,	 temperature	 (Çelekli,	 Öztürk,	 &	
Kapı,	2014;	Wu,	Schmalz,	&	Fohrer,	2011),	 and	 recently	also	 spatial	
factors	 (Heino	&	MykrÄ,	 2008;	 Rezende,	 Santos,	Henke‐	Oliveira,	 &	
Gonçalves,	2014;	Tang,	Niu,	&	Dudgeon,	2013;	Tang,	Wu,	Li,	Fu,	&	Cai,	









In	 addition	 to	 species	 composition,	 ecologists	 have	 recently	
started	 investigating	 trait	 composition	as	 it	 reflects	 the	 functional	
adaption	of	organisms	to	its	environment	(McGill,	Enquist,	Weiher,	
&	Westoby,	 2006;	 Soininen,	 Jamoneau,	 Rosebery,	 &	 Passy,	 2016;	
Wang,	Liu,	Zhan,	Yang,	&	Wu,	2017).	Usually,	traits	are	divided	into	
two	types:	ecological	traits	(related	to	habitat	preferences,	such	as	
pH,	 oxygen	 and	 temperature	 tolerance,	 and	 tolerance	 to	 organic	
pollution.)	 and	biological	 traits	 (e.g.,	 life	 history,	 physiological,	 be‐
havioral,	 and	 morphological	 characteristics,	 such	 as	 reproductive	
strategies,	motility,	cell	size,	and	life	form).	In	comparison	with	tradi‐
tional	taxonomic	indices,	biological	traits	show	greater	consistency	
in	 their	 responses	 across	 temporal	 and	 spatial	 scales	 (Menezes,	
Baird,	&	Soares,	2010;	Soininen	et	al.,	2016)	and	furthermore	give	





Trait‐	based	 approaches	 have	 been	 used	 for	 different	 purposes	 in	
terrestrial	 plants	 (Grime,	 1979;	 Tilman,	 1980)	 and	 macroinverte‐
brate	 (Menezes	 et	al.,	 2010),	 but	 only	 very	 recently	 been	 consid‐




Kruk,	Naselli‐	Flores,	&	Melo,	 2002;	Thomas,	 Kremer,	&	 Litchman,	
2016).	Recent	studies	have	shown	the	advantages	of	applying	traits	
for	 biomonitoring	 of	 freshwater	 ecosystems	 and	 for	 biodiversity	
conservation	 (Di	 Battista,	 Fortuna,	 &	 Maturo,	 2016;	 Lange	 et	al.,	
2011;	Litchman	&	Klausmeier,	2008;	McGill	et	al.,	2006;	Menezes	
et	al.,	 2010;	 Soininen	 et	al.,	 2016).	 For	 instance,	 Soininen	 et	al.	
(2016)	 concluded	 from	 a	 large‐	scale	 study	 that	 trait	 distributions	
















tion	because	 the	probability	of	 successful	movement	between	 loca‐
tions	is	negatively	related	to	the	geographical	distance	between	them.	
Spatial	 variables	 such	 as	 altitude	 or	 geographical	 location	 can	 play	
important	and	confounding	roles	determining	the	presence,	absence,	
and	 abundance	of	 the	 algal	 species	 and	 consequently	 influence	 the	
algae‐	based	 bioassessment	 (Wu	 et	al.,	 2014).	One	 previous	view	of	
algae	distributions	was	that	they	were	ubiquitous	and	could	disperse	






whether	an	absent	species	 is	due	 to	 the	unallowable	environmental	
conditions	 or	 it	 has	 not	 dispersed	 to	 that	 location.	 Studying	 spatial	
geographical	influences	on	algal	composition	is	therefore	a	fundamen‐
tal	step	in	describing	ecological	patterns,	making	biomonitoring	more	
robust,	 which	 is	 essential	 for	 sustainable	 management	 (Smucker	 &	



















2  | MATERIALS AND METHODS
2.1 | Description of the study area
The	Treene	 catchment	with	 a	basin	 area	of	481	km2	 is	 located	 in	
northern	 Germany	 as	 a	 part	 of	 a	 lowland	 area	 (Figure	1).	 Sandy,	
loamy,	 and	 peat	 soils	 are	 characteristic	 for	 this	 area.	 Land	 use	 is	
dominated	 by	 agriculture	 and	 pasture.	 Around	 50%	 of	 the	 area	
is	 covered	 by	 arable	 land	 and	 ~30%	 by	 winter	 pasture	 (Guse,	
Pfannerstill,	&	Fohrer,	 2015).	 The	major	 tributaries	 are	Bondenau	
(Bo),	Kielstau	(Ki),	Bollingstedter	Au	(Bo),	Jerrisbek	(Je),	Juebek	(Ju),	
and	 Sankermarker	 See	 (Sa).	 It	 is	 in	 a	 temperate	 climate	 zone,	 in‐
fluenced	 by	marine	 climate,	with	mild	 temperature	 and	 high	 pre‐





Figure	1)	 has	 been	 appointed	 to	 an	 UNESCO	 Ecohydrological	
Demonstration	Site	in	the	year	2010	(Fohrer	&	Schmalz,	2012).	The	
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2.2 | Sampling methods and primary procedures























)	 according	 to	 the	 standard	 methods	 DEV	 (Deutsche	
Einheitsverfahren	zur	Wasser‐	,	Abwasser‐	und	Schlammuntersuchung).	
The	 concentrations	 of	 total	 phosphorus	 (TP)	 were	 measured	 with	






)	 were	 measured	 by	 an	 ion	 chromatography	 method	
(DIN	38	405‐	D19).	Dissolved	inorganic	nitrogen	(DIN)	was	defined	as	
the	sum	of	NO2‐	N,	NO3‐	N,	and	NH4‐	N.	Total	suspended	solids	(TSS)	




ganic	 carbon	 analyzer,	 according	 to	 infrared	 spectroscopy	 method	
(Dimatec	Analysentechnik	GmbH,	Germany).







To	 identify	 diatoms,	 permanent	 diatom	 slides	 were	 prepared	
after	 oxidizing	 the	 organic	 material	 by	 hydrogen	 peroxide	 method	
(30%	H2O2	solution)	and	mounted	on	slides	using	Naphrax	(Northern	
Biological	 supplies	 Ltd.,	 UK,	 R1	=	1.74).	 A	 minimum	 of	 300	 valves	
was	counted	 for	each	 sample	using	a	Zeiss	Axioskop	microscope	at	









1. Species	 composition	 (Sp):	 inclusion	 of	 all	 observed	 327	 algal	
species	 with	 their	 relative	 abundances.
2. Trait	composition	(Tr):	We	assigned	327	algal	species	to	different	









3. Beta	 diversities	 (ß):	 To	 calculate	 the	 pairwise	 dissimilarities,	 we	
used	the	Bray–Curtis	similarity	index	on	Sp	and	Tr	separately	(i.e.,	
SpßBRAY	and	TrßBRAY),	as	this	index	takes	into	account	differences	in	





1. Hydrological	 variables	 (Hv):	 Except	 for	 in	 situ	 measured	 width,	
water	 depth,	 and	 flow	 velocity	 at	 the	 sampling	 point,	 long‐term	
flow	 discharges	 (2010–2016)	 of	 each	 sampling	 site	 were	 simu‐
lated	 by	 the	 ecohydrological	 SWAT	 model	 (Soil	 and	 Water	
Assessment	Tool;	Arnold,	Srinivasan,	Muttiah,	&	Williams,	1998).	
The	 SWAT	 model	 is	 a	 semidistributed	 model	 which	 provides	
daily	 outputs	 of	 a	 large	 set	 of	 hydrological	 variables	 for	 each	
subbasin.	 In	 this	 case	 study,	 the	 Treene	 catchment	 was	 subdi‐
vided	 into	 108	 subbasins	 (Figure	1),	 which	 also	 covered	 the	
tributaries	 of	 the	 Treene	 (Guse,	 Reusser,	 &	 Fohrer,	 2014).	 Thus,	
the	 spatially	 distributed	 model	 results	 consider	 the	 spatial	 het‐
erogeneity	in	the	catchment.	Three	input	maps	were	implemented	
in	 the	 SWAT	model	 setup:	 a	 digital	 elevation	model,	 a	 land	 use	
map,	 and	 a	 soil	 map	 (Guse,	 Pfannerstill,	 et	al.,	 2015).	 To	 obtain	
reliable	 spatially	 distributed	model	 results,	 a	multisite	 calibration	
approach	was	selected	and	six	hydrological	stations	were	included	
in	 the	 calibration	 procedure	with	 the	 aim	 to	 obtain	 good	model	
results	 for	 all	 stations	 (Guse,	 Pfannerstill,	 et	al.,	 2015).	We	 used	
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TABLE  1 Summary	of	hydrological	(Hv),	environmental	(Ev),	and	spatial	(Sv)	variables	with	their	codes	and	descriptions	in	this	study
Variables
Code Unit Description Mean Min Max
Hv Hydrological	variables
















Hv40 D Low	flood	pulse	count	in	the	past	14	days 4.71 0.00 14.00







VELO m/s Flow	velocity	at	the	sampling	point 0.98 0.00 10.24
Ev Environmental	variables
WT °C Water	temperature 5.69 0.20 8.40
PH – pH 7.49 6.74 9.73
DO mg/L Dissolved	oxygen 9.49 4.61 12.30
TP mg/L Total	phosphorus 0.22 0.06 0.63
PO4 mg/L Orthophosphate‐	phosphorus	(PO4‐	P) 0.08 0.01 0.34
NH4 mg/L Ammonium‐	nitrogen	(NH4‐	N) 0.31 0.03 1.43
NO3 mg/L Nitrate‐	nitrogen	(NO3‐	N) 3.55 1.03 8.43
NO2 mg/L Nitrite‐	nitrogen	(NO2‐	N) 0.02 0.00 0.05




)	) 31.82 12.90 73.10
TSP mg/L Total	suspended	particulates 12.08 2.60 46.28
DTC mg/L Dissolved	total	carbon 41.59 25.60 70.40
DOC mg/L Dissolved	organic	carbon 10.45 −0.15 29.50
AGRL % Agricultural	Land‐	Generic	(%) 51.83 15.04 79.65
FRSD % Deciduous	forest	(%) 2.23 0.01 9.89
FRSE % Evergreen	forest	(%) 1.02 0.02 9.02
FRST % Forests	mixed	(%) 2.46 0.00 13.47
FR % Forest	in	total	(%) 5.71 0.86 15.13
RNGE % Rangeland	(%) 0.70 0.00 4.33
UIDU % Industrial	(%) 4.20 2.98 8.41
URLD – Residential‐	Low	Density 0.43 0.00 3.98
UR – Residential	in	total 5.65 1.75 12.26
WATR % Water	(%) 1.71 0.62 5.42
WETL % Wetlands	(%) 1.01 0.00 7.19
WPAS % Winter	pasture	(%) 29.18 7.22 70.97
(Continues)
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Variables
Code Unit Description Mean Min Max
Sv Spatial	variables
X N Latitude 54.64 54.51 54.74
Y E Longitude 9.43 9.27 9.67
PCNM1 – Principal	coordinates	of	neighborhood	matrix1 0.00 −0.14 0.23
PCNM3 – Principal	coordinates	of	neighborhood	matrix3 0.00 −0.29 0.24
PCNM6 – Principal	coordinates	of	neighborhood	matrix6 0.00 −0.34 0.26
PCNM7 – Principal	coordinates	of	neighborhood	matrix7 0.00 −0.31 0.28
PCNM10 – Principal	coordinates	of	neighborhood	matrix10 0.00 −0.33 0.26




Trait composition (Tr) Species composition (Sp)
Variables AdjR2Cum F p Variables AdjR2Cum F p
Hv*** Hv***
Hv21 0.23 17.88 .001 Hv21 0.15 11.29 .001
Hv40 0.35 12.20 .001 Hv40 0.22 6.36 .001
Hv55 0.39 4.53 .004 Hv55 0.25 2.83 .008
Hv45 0.42 3.93 .011 Hv45 0.28 3.35 .003
Hv36 0.44 2.75 .031 Hv36 0.29 2.07 .036
Ev*** Ev***
PO4 0.14 10.17 .001 SO4 0.06 4.45 .001
TP 0.33 16.93 .001 UR 0.10 3.55 .001
SO4 0.36 3.93 .003 WPAS 0.13 2.98 .001
PH 0.39 3.46 .004 WATR 0.15 2.44 .005
WT 0.41 3.39 .005 PO4 0.17 2.33 .008
DTC 0.44 3.25 .011 TP 0.22 4.53 .001
WPAS 0.46 3.76 .003 PH 0.24 2.51 .004
FRST 0.48 2.35 .040 DTC 0.26 2.37 .003
NO2 0.49 2.29 .043 WT 0.28 2.08 .009
NH4 0.29 1.83 .024
FRST 0.30 1.66 .037
Sv*** Sv*
PCNM6 0.09 6.84 .001 PCNM6 0.05 4.02 .001
PCNM7 0.17 6.56 .001 PCNM7 0.08 2.86 .004
PCNM3 0.22 4.52 .003 PCNM3 0.10 2.59 .016
PCNM10 0.25 3.29 .020 PCNM10 0.12 2.24 .008
X 0.28 2.74 .036 X 0.14 2.26 .010
PCNM11 0.30 2.54 .039 PCNM1 0.17 2.78 .002
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a	calibration	period	 from	2001	 to	2005	and	validated	 the	model	
from	 2006	 to	 2016	 for	 discharge.	 As	 the	measurements	 at	 one	
hydrological	 station	ended	 in	2014,	only	 five	 stations	were	used	
in	 the	model	validation.	To	assess	 the	model	performance,	 three	
typical	 performance	 measures	 namely	 Nash–Sutcliffe	 efficiency	
(NSE),	 percent	 bias	 (PBIAS),	 and	 the	 root	 mean	 square	 error	
deviation	 (RSR)	 were	 used.	 The	 modeled	 discharge	 shows	 a	
good	matching	with	 the	measured	 data,	 in	 particular	 under	 con‐
sideration	of	the	multisite	approach	with	joint	model	performance	
estimation	 for	 six	 hydrological	 stations	 (for	 details	 see	 Guse,	
Kail,	 et	al.	 2015;	 Guse,	 Pfannerstill,	 et	al.,	 2015).	 Based	 on	 the	
well‐performing	 model,	 daily	 model	 results	 for	 the	 investigation	
period	 of	 this	 study	 were	 provided	 for	 all	 subbasins	 with	 sam‐
pling	 points.	 In	 order	 to	 obtain	 reliable	 results,	 always	 the	 next	
subbasin	 outlet	 was	 used	 for	 each	 sampling	 point	 under	 con‐
sideration	of	the	river	network.	Then,	we	calculated	the	different	
hydrological	 indices	 according	 to	Olden	 and	 Poff	 (Olden	&	Poff,	
2003),	which	mainly	included	magnitude	of	flow	events,	frequency	
of	 flow	 events,	 rate	 of	 change	 in	 flow	 events,	 and	 in situ	 mea‐
surement	 (details	 see	 Appendix	 S2).	 Finally,	 11	 hydrological	
variables	were	 selected	 after	 excluding	 the	 ones	with	 significant	
multicollinearity	 (Table	1,	 Appendices	 S2	 and	 S3).




analysis	 was	 performed	 via	 GIS	 processing.	Watershed	 area	 up‐








structures	of	varying	scale	 in	 response	 to	data	and	more	 flexible	
than	 other	 eigenvector‐based	 approaches	 for	 irregular	 sampling	
design	(Tang,	Niu,	et	al.,	2013;	Tang,	Wu,	et	al.,	2013),	as	the	case	




borhood	matrix	 (PCNM)	 analysis	 based	 on	 the	 geographical	 dis‐
tance	was	used	to	compute	spatial	variables	 (i.e.,	historic	factors)	
representing	geographical	positions	through	the	pcnm	function	in	R	
package	 vegan	 (version	 2.4‐2).	 The	 generated	 eigenvectors	were	
considered	 as	 spatial	 variables	 (i.e.,	 PCNMs),	which	 could	 reflect	





pattern,	while	 the	 smaller	 eigenvalues	with	 large	 code	 represent	
fine‐scale	patterns.	PCNMs	are	commonly	used	to	describe	species	




positive,	 and	 thus,	39	variables	 (including	X,	Y)	were	used	 in	 the	
following	analyses	(Table	1,	Appendix	S5).
2.6 | Data analysis
All	 analyses	were	 performed	with	 the	 R	 software	 (version	 3.3.2,	 R	
Development	Core	Team	2017).
To	explore	the	potential	impacts	of	hydrological	variables	on	trait	




the	weight	of	 abundant	 species/trait	while	 preserves	Euclidean	dis‐













ria:	 significance	 level	 and	 the	 adjusted	 coefficient	 of	 determination	
(Adj	R2)	 of	 the	 global	model	 (Blanchet,	 Legendre,	&	Borcard,	 2008).	







based	 approach	 to	 study	 community	 beta	 diversities	 in	 relation	 to	
distance	matrices	 (Teittinen,	 Kallajoki,	Meier,	 Stigzelius,	 &	 Soininen,	
2016;	Wang	et	al.,	2012).	The	significance	of	this	distance–decay	re‐
lationship,	which	measures	 how	dissimilarity	 decays	with	 increasing	





Euclidean	 distances	 separately	 for	 the	 hydrological,	 environmental,	
and	spatial	variables	(i.e.,	Hvdis,	Evdis,	and	Svdis).	In	addition	to	sim‐
ple	Mantel	tests	using	two	matrices,	we	used	partial	Mantel	tests	to	
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tease	apart	the	pure	effects	of	hydrological,	environmental,	and	spatial	
variables	on	biotic	matrices,	and	the	significance	was	assessed	using	




3.1 | Variability of abiotic factors
During	the	sampling	period,	river	reaches	of	the	study	area	(Figure	1)	
varied	 widely	 in	 water	 quality	 and	 habitat	 characteristics	 and	 the	
main	abiotic	variables	are	summarized	in	Table	1.	For	example,	water	
temperature	 (WT)	 ranged	 from	 0.20	 to	 8.40°C	 (mean:	 5.69°C),	 pH	
ranged	 from	6.74	 to	9.73	 (mean:	7.49),	 total	phosphorus	 (TP)	 aver‐
aged	0.22	mg/L	(0.06–0.63	mg/L),	and	ammonium‐	nitrogen	(NH4‐	N)	
ranged	 from	0.03	 to	 1.43	mg/L	 (mean:	 0.31	mg/L),	while	 total	 sus‐
pended	 particulates	 (TSP)	 averaged	 12.08	mg/L	 (2.60–46.28	mg/L).	
Land	use	in	the	catchment	was	mainly	open	canopy	and	dominated	by	
high	agricultural	 land	of	51.83%	(15.04–79.65%),	while	forest	cover	
was	 low	 (mean	coverage	was	5.71%	ranging	 from	0.86	 to	15.13%).	
Due	to	a	heavy	rainfall	event	during	the	sampling	period,	hydrologi‐
cal	 variables	 varied	 greatly	 among	 the	 sampling	 sites.	 For	 instance,	
flow	 velocity	 (VELO)	 ranged	 from	 0	 to	 10.24	m/s	with	 an	 average	
of	0.98	m/s,	discharge	 (Hv01)	ranged	from	0.01	to	18.30	m3/s	with	
a	mean	of	2.27	m3/s,	while	 skewness	of	 flows	 (Hv12,	Hv13,	Hv20,	
Hv21,	and	Hv36),	low	flood	pulse	count	(Hv40),	high	flood	pulse	count	





3.2 | Drivers of traits and species composition
In	the	RDA	analysis	 for	trait	composition	 (Tr),	hydrological	 (Hv),	en‐
vironmental	 (Ev),	and	spatial	variables	 (Sv)	all	showed	significant	re‐
lationships	 with	 trait	 composition	 (by	 anova	 function	 in	 R	 package	




















3.3 | Main drivers of traits and species- based beta 
diversities
Mantel	 tests	 showed	 that	 trait	 dissimilarities	 (i.e.,	 beta	 diversi‐
ties)	 based	 on	 both	 Bray–Curtis	 and	 Jaccard	 indices	 (TrßBRAY	 and	
TrßJACC)	 increased	 significantly	 with	 hydrological	 (Hvdis),	 environ‐
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relationships	 between	 trait	 dissimilarities	 (TrßBRAY	 and	 TrßJACC)	 and	
hydrological	distances	(Hvdis)	were	consistently	stronger	than	the	re‐






As	 for	 species	 dissimilarities	 based	 on	 both	 Bray–Curtis	 and	
Jaccard	 indices	 (SpßBRAY	 and	 SpßJACC),	 similar	 results	 were	 found	
(Figure	4,	Table	3).	The	pairwise	species	compositional	dissimilarities	
(SpßBRAY	and	SpßJACC)	significantly	 increased	with	the	corresponding	
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factors	(Bae	et	al.,	2014;	Bussi	et	al.,	2016).	Besides,	previous	stud‐
ies	have	rarely	taken	hydrological	variables	into	consideration.	This	















conditions	 are	 general	 factors	 that	 determine	 the	 physical	 habitat	
conditions	and	affect	(directly	or	indirectly)	many	other	environmental	
variables	that	are	key	factors	in	pelagic	algae	community	development,	
Index Hvdis Evdis Svdis Hvdisa Evdisa Svdisa
TrßBRAY 0.287*** 0.179*** 0.060* 0.311** 0.218** 0.016
TrßJACC 0.301*** 0.186*** 0.069** 0.327** 0.228** 0.023
SpßBRAY 0.218*** 0.188*** 0.032 0.242** 0.216** −0.013
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such	 as	 nutrient	 delivery,	 sediment	 transportation,	 residence	 time,	
disturbance	 intensity,	 temperature,	 light	 availability,	 and	 dissolved	
oxygen.	That	was	also	the	reason	why	hydrological	variables	showed	









rics	 (Steuer,	 Stensvold,	 &	 Gregory,	 2010).	Moreover,	 recent	 studies	
(Qu	et	al.,	 2018;	Wu	et	al.,	 2016),	which	were	 in	 line	with	our	 find‐
ing,	also	found	that	hydrological	conditions	played	an	important	role	
in	 temporal	 variations	 of	 pelagic	 algae	 communities.	 Skewness	 of	
flows	was	found	to	be	one	of	the	most	consistently	dominant	indices	
across	all	stream	types	and	may	be	a	particularly	important	measure	
of	 flow	condition	 for	 certain	 riverine	 taxa	 (Olden	&	Poff,	 2003),	 for	
example,	annual	skewness	of	the	flow	has	been	linked	to	fish	mobility	
and	colonizing	ability	(Puckridge,	Sheldon,	Walker,	&	Boulton,	1998).	




















particularly	 the	 hydrological	 conditions.	This	 is	 in	 line	with	 combin‐
ing	 measurement	 campaigns	 with	 coupled	 abiotic–biotic	 modeling	
with	the	aim	to	improve	the	abundance/occurrence	of	biota	and	their	






Schmalz,	 &	 Fohrer,	 2009)	 and	 for	 consecutive	 data	 analysis	 based	
on	the	model	results	as	shown	here	and	a	recent	study	(Kiesel	et	al.,	
2017).








and	 the	 pelagic	 algae	 found	 in	 rivers	were	 brought	 from	 either	 up‐
stream	lentic	water	bodies	or	the	benthos	(Hötzel	&	Croome,	1999).	
Obviously,	 if	 this	view	was	right,	 the	riverine	pelagic	algae	were	not	
suitable	 as	 a	 bioindicator	 because	 they	were	 flushed	or	 drifted	 and	
not	adapted	 to	 the	 local	environmental	habitats.	As	a	consequence,	





















action	between	organisms	 (niche	 competition),	 dispersal	 ability,	 and	
species	evolution,	which	were	not	considered	in	this	study,	may	have	




sition	were	both	 less	dependent	on	 spatial	 factors	 (Figure	2),	which	
contradicted	our	third	hypothesis.	As	an	alternative	to	species‐	based	
approaches,	 use	 of	 trait‐	based	 approaches	 in	 biomonitoring	 has	
been	advocated	in	recent	years,	in	particular	because	of	the	demand	
of	 mechanistic	 understanding	 of	 biological	 responses	 (Baattrup‐	
Pedersen,	Göthe,	Riis,	Andersen,	&	Larsen,	2017).	Based	on	previous	
studies	(B‐	Béres	et	al.,	2016;	Lange	et	al.,	2016;	Passy,	2007;	Soininen	
et	al.,	2016),	 trait	 composition	would	 track	 local	environment	gradi‐
ents	better	than	species	composition	and	was	less	dependent	on	his‐
toric	(i.e.,	spatial)	factors,	making	them	better	suitable	for	research	on	
global	 environmental	 change	 (Soininen	 et	al.,	 2016).	 Nevertheless,	
our	finding	was	rather	unexpected	compared	to	a	recent	similar	study	
(Soininen	 et	al.,	 2016).	 These	 differences	 between	 findings	 may	 be	




for	 species	 distribution,	 the	 importance	 of	 spatial	 effects	 increased	
with	geographical	distance	as	dispersal	limitation,	and	at	large	scales,	




Mantel	 tests	 suggested	 that	 the	 importance	 accounting	 for	 the	
among‐	site	differences	in	species	and	trait‐	based	beta	diversities	was	
as	 follows:	 hydrological	 variables	 >	 environmental	 filtering,	without	
effects	of	historic	 (spatial)	 factors.	 Identifying	mechanisms	underly‐
ing	 the	 spatial	 patterns	 of	 biodiversity	 is	 another	 important	 task	 in	
community	 ecology,	 as	 these	 are	 fundamental	 to	 the	 appropriate	
biodiversity	conservation	and	restoration	(Myers	et	al.,	2000;	Wang,	
Pan,	et	al.,	2016).	Focusing	on	pelagic	algae	in	a	catchment	with	short	
geographical	 distances	 and	 incorporating	 multiple	 factors	 enabled	
the	disentanglement	of	pure	hydrological,	environmental,	and	spatial	
gradients	 in	 our	 study.	Our	 results	 revealed	 a	 clear	 distance–decay	
of	community	dissimilarity	with	increasing	hydrological	and	environ‐









role	 of	 flow	 regime	 (indicated	 by	 hydrological	variables)	 in	 structur‐
ing	riverine	algae	communities	and	beta	diversity	patterns,	which,	 in	
particular	 for	 beta	 diversities,	 has	 outperformed	with	 local	 environ‐
mental	variables	and	spatial	 factors.	Our	 findings	 further	emphasize	





(57.0%)	 than	 species	composition	 (37.5%)	was	caught	by	 these	 fac‐
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